Abstract. Digital microfluidic biochips(DMFBs) have been widely used in biology, medicine and chemical experiments. These areas all have high requirements on the reliability of experimental results. Therefore, it is necessary to conduct chip failure detection during the experiment. In this work, based on Employed particle swarm optimization algorithm, the fault detection route optimization of direct-addressing and pin-constrained digital microfluidic chips are respectively studied. Combining the employed search operator of Artificial Bee Colony algorithm and Particle Swarm Optimization, the method can improve the searching accuracy of the algorithm while exploiting the ability of algorithm exploration. The simulation experiment is carried out by using the multi-element biochemical test chip model. The results show that the proposed method can shorten the fault detection path and improve the fault detection efficiency.
Introduction
In recent years, with the continuous development of science and technology, the microfluidic chip based on discrete fluid, also known as digital microfluidic biochip, has replaced the traditional experimental equipment and obtained a wide range of applications in the neighborhood of clinical diagnosis, drug development and air quality monitoring [1] . During the experiment, the reliability of the experimental results should be ensured, so it is necessary to test the DMFBs continuously.
According to different pin control methods, DMFBs are divided into direct-addressing chip and pin-constrained chip [2] . In direct-addressing chips, each control pin controls an electrode to move the droplet, but will increase the cost of production; pin-constrained chip using multiple pins common one electrode, which can save costs. However, compared to the direct-addressing mode, the difficulty of fault detection will be increased.
Aimed to the failure of the digital microfluidic biochip, Su F et al. first proposed dividing the fault into parametric faults and permanent faults, and analyzed the variation of the parameters of the chip [3] ; then, Su F established the Euler circuit to control the test drop traverses the chip cell, which can detect the presence of a fault [4] . Xu Tao et al. Proposed an efficient parallel test method that performs offline testing for regular chips by row-and-column scanning, but this method is not suitable for online Fault detection [5] . Zhang Ling et al. divided chip array into multiple sub-arrays, and used experimental gaps in the idle module for fault detection, which improved the test efficiency [6] . For pin-constrained digital microfluidic chips, Xu Tao et al. Proposed a testability bioassay protocol that allows the design of the chip to have a high level of the testability design and enables the chip to support drop test-related operations, but requires the introduction of additional Control pin [7] ; in 2010, Yang Zhao et al. proposed self-test method, which used digital logic gate circuit. According to its output waveform, the circuit can determine the existence of the fault [8] . The method is suitable for pin-constraint chips, and the hardware overhead will be lower. Capacitance circuit analysis of fault detection results is no need as well .
This work mainly studies the optimization of fault detection paths for the two control chips respectively. The paper is organized as follows: In section Ⅱ , the basic principles of digital microfluidic biochips and the description of the test problems will be described. In section Ⅲ , we mainly describe the algorithm used to optimize the path of fault testing. In section , the Ⅳ experimental results will be analyzed.
Fundamentals on DMFBs
DMFBs based on dielectric wetting principle to drive discrete droplets, the structure and driving method are shown in Figure 1 , the different control voltage is applied to the electrodes on both sides of the droplets to produce an unbalanced tension. When the unbalanced force on the droplet surface is greater than the resistance for driving the droplet, the droplet can be moved to any position in the two-dimensional array to complete the biochemical experiment [9] .
(a) The structure of DMFBs (b) Drive principle of DMFBs 
Direct-addressing DMFBs and Pin-constrained DMFBs
The most commonly used droplet control method, where each electrode is individually addressed and controlled by a control pin, is called Direct-addressing DMFBs, but as increasingly experiments are performed on a digital microfluidic platform, the production costs would be increased, which resulted the existence of pin-constrained DMFBs.
There are several ways to reduce the number of pins. Such as using array and pin assignments, as well as broadcast addressing, which reduces the number of control pins by identifying and interconnecting compatible pins so that one control signals control multiple electrodes simultaneously. Figure 2 shows the pin allocation example of direct addressing and broadcast addressing, through the broadcast addressing mode can effectively reduce the cost and numbers of control pins. At present, the pin-constrained chips are more widely used in many areas. Most of the applications demand high security, so the reliability requirements of the system is very strict. Therefore, the test technology of pin-constrained DMFBs also gained a great deal of attention. 
Problem Formation
DMFBs fault detection can be regarded as a traversal problem, and the traversal problem is transformed into a graph theory model [10] . Mapping the array element structure to a non-fully connected graph, denoted as G (V, E), V is the point in graph G, represents each array element; E is the edge connecting adjacent cells.
The graph G corresponding to the chip array unit would be converted. Then transforming the edges traversed by the test droplet into points in the TSP problem. As shown in FIGURE 3, a 3 × 3 array unit is taken as an example for description. A path connection table is established according to the adjacency relationship between each edge i e and j e in the figure, as shown in Table 1 . According to the path adjacency relation table, a relation matrix of edges and edges is generated, that is, the adjacency matrix A of all edges. A can be regarded as a non-completely connected graph G '(V', E '), each edge i e is denoted by V', and the connectivity of each edge with other edges is denoted by E '. According to the connection path table, an adjacency matrix A can be established. The Floyd algorithm is used to set the shortest length between any two points in the noncompletely connected graph G '(V', E ') represented by A as a weight. On this basis, a fully connected graph G'' is constructed. The algorithm is proceed as follows:
1) From any unilateral path, take the shortest distance between two points as the edge weight. If there is no edge connected between two points, the weight is ∞.
2) Let each pair of vertices be represented as u and v, and define the distance as uv d . If there is a vertex w such that
, update the weight of u to v as
. Finally, the undirected complete graph G "is obtained and treated as a model of the dynamic TSP problem. Optimization algorithm would be used to find the optimal fault detection path without violating the constraints.
Objective Function
The test drop starts at a fixed starting point and traverses all sides to reach the end point. Due to the constant velocity of the droplet, the test efficiency is highest at the shortest total path length. Define its objective function as:
N indicates the number of array elements, )
indicates the weight between element i to element j.
The constraints are stated as follows: Test droplet should access at least all cells of the array once, assuming that i X is the array element, expressed as:
Start and end points can only be visited once, set sj x as the starting point, je x for the end, expressed as:
Fluid constraints are expressed as follows: Two droplets can not be in two adjacent array elements at the same time, that is, there is no other droplet in the eight cells around a droplet. Otherwise, unexpected droplet fusion may occur, which will affect the result of fault detection. Therefore, a certain distance should be ensured between the droplets. Define
are the rows and columns for the test droplets at the time point k respectively.
Define static fluid constraints as follows: Two or more droplets can not use adjacent array elements simultaneously, expressed as:
Define dynamic fluid constraints as follows: A cell to which a droplet is to be moved should not adjacent to another droplet, expressed as:
For pin-constrained digital microfluidic chips, the electrode constraints need to be set. This constraint is stated as follows: Let pins 1 and 2 be controlled by the same electrode. If this electrode is activated, the test droplet should not move to pin 2 when the experimental droplet is at pin 1. Expressed as:
Where kt N is the number of the pin unit where test droplet k is located at time t , and et N is the unit number of test droplet e at the same time.
Online Fault Detection Route Optimization of DMFBs Based on Employed Particle Swarm Optimization
In the process of biochemical experiments, fast and effective fault detection method should be used to ensure the reliability of the experimental results, which essential is to search for the shortest path under the constraint conditions. In this paper, an online fault detection path optimization scheme is proposed. By optimizing the test path, the test droplet travels the shortest path through all array elements to improve the fault detection efficiency. This problem is NP-hard. Particle Swarm Optimization (PSO) has been widely used in various fields in recent years due to its simple structure, easy implementation and less parameters, and achieved good results. This work applies it to the fault detection path optimization of digital microfluidic chips.
In 1995, inspired by the flock movement model, James Kennedy, a Ph.D. in social psychology and Russell Eherhart, a Ph.D. in electrical engineering, proposed Particle Swarm Optimization (PSO) [11] . This algorithm bases on the results of the evolutionary and fitness functions on the optimization problem Evaluation.
The speed and displacement update formula of standard PSO are as follows:
Where represents the inertia weight, setting different values determine the degree of influence for particle's historical speed to the current speed, that is, the retained state of the last iteration of particle's velocity. In standard PSO,  is a random value; 1 c and 2 c are acceleration factors, which are two natural numbers. 1 r and 2 r are random numbers between (0,1), which role is to limit the particle velocity within a certain range.
Combined with the characteristics of online test problem and the evolutionary theory of particle swarm optimization, as the test routing optimization problem is discrete, this guide formula of articles are updated as follows:
The n-unit chip test path solution is defined as ) ,..., , ( According to the fluidic constraints and online testing features of DMFBs, and in order to avoid the algorithm falling into the local optimum, the standard particle swarm optimization needs to be improved to ensure that the algorithm can search shorter chip test path and improve test efficiency.
Employed Particle Swarm Optimization
Standard Particle Swarm Optimization algorithm leads particle search trajectory with local optimal i p , and its search accuracy is low. If i p cannot jump out of a certain position, then the particle i will be gathered in the current optimal region, leading to premature phenomenon of the algorithm. In order to overcome this drawback, this work introduces the employed bee search operator of Artificial Bee Colony(ABC), and uses the global optimum to lead the search path. It optimizes twice based on the previous searching, which can optimizes the searching ability of particle swarm optimization algorithm.
The artificial bee colony algorithm is an optimization algorithm proposed by D Karaboga, a Turkish scholar in 2005, based on honey bees mechanism [12] . Its ability to explore mainly through the following formula:
x , is the location of the present leading particle; j k x , is the location of of any particle in the neighborhood of By adding the employed bee's search operator for secondary optimizing, the new position can be searched near the present optimal position. There are uncertainties in the size and direction of the difference vectors formed by the local optimal individual vector and the randomly selected individual vector, which is equivalent to adding a certain range of random perturbations to the base vector to increase the population diversity. However, due to the small movement range, adjustable range is limited, so this paper modified the search operator of the bee colony algorithm, according to the characteristics of particle swarm optimization, the modified quadratic search operator is expressed as follows:
p is the global best for the particle, 2 , 1 r r x is the random location in the area. The basic idea of the search operator is to search for the best local individuals starting from a randomly generated initial population and to adopt a one-on-one competitive survival method to retain the better individuals. By means of interactive learning among individuals, the employed operator can improve the exploration ability of the algorithm. After PSO searching for the first time, by using the employed operator, the secondary search is performed around the present optimal location, which can improve the search accuracy and optimization ability of the particle.
Guided by the optimal position of global best, the operator development ability can be improved while ensuring operator search ability. The distance between the optimal g p and any position is selected as the displacement so as to ensure that the scope of quadratic search is not restricted to the vicinity of the current local optimal position. It increases the randomness of the search and explores the new most excellent location possibilities.
The specific operation of particle swarm optimization algorithm that added the employed search operator is as follows: Firstly, the current global optimal solution and present optimal solution position are judged, and the new candidate solution is searched using the formula 12 near each local optimal solution i p , denoted as ' 
Taboo Judgment Strategy
In order to avoid the interaction between test droplet and experimental droplet in fault detection process, according to fluid constraints and electrode constraints, the particle needs to calculate the location of the experimental droplet in the future time and its interaction with the array element before finding the path, which ensure that the selected unit would not interfere with the experiment. Moreover, due to the changing position of the experimental droplet, the cells will also be continuously updated [13] . In order to solve this problem, this work adopts the taboo judgment method, that is, construct the experiment taboo table, which is used to store the current taboo path, and save the taboo unit every time when the experimental droplet position changes. If the current test path coincides with the taboo path, it indicates that there is a conflict. When a conflict occurs, the conflict unit would be extracted as the exchange sequence, and the current path would be exchanged and operated to obtain a new path that does not coincide with the current taboo unit.
Employed PSO for Online Fault Detection Path Optimization
According to the above, combined with the characteristics of DMFBs fault detection and PSO algorithm to improve the strategy, the basic steps of the test algorithm is as follows:
Step 1: initialize the basic parameters of particle swarm optimization, give each particle a random initial solution;
Step 2: Determine whether there is a conflict between the current path and the taboo unit; if there is a conflict, extract the conflict unit as the exchange sequence and exchange the current path to obtain a new path;
Step 3: Calculate the length of the solution path;
Step 4: Evaluate the fitness of each particle, and store the current position and fitness value of each particle in their i p . Step 7: Number of iterations 1   NC NC ; Step 8: Determines whether the algorithm satisfies the end condition or not. If not, the process returns to step 2. If the condition is satisfied, the search is stopped and the result is output. The final result is the length of the path traveled by the droplet traversing the entire chip array.
Experimental Results and Analysis
In this paper, as shown in Figure 4 , we select the glucose and lactic acid in a multi-biochemical test in literature [4] as the experimental model to simulate. The experimental droplets for glucose detection are sample S1 and reagent R1, and the experimental droplets for lactate detection are sample S2 and reagent R2. Experimental droplets are in the mixing pool for enzyme-catalyzed reactions. When the reaction is completed, the test will be started after the mixed droplets reach the optical detection unit. Experimental droplets would be sent to the experimental droplet pool when the experiment is completed. This work completes the test simulation in the Visual Studio 2015 environment, using programming language of C ++. The size of the selected population is 500 and the number of iterations is 1000. After several experiments, this paper takes the inertia weight ω = 0.9, α = 0.8, β = 0.7, and the unit length is defined as the weight between adjacent paths. The final output is the path length and path sequence of the test drop traversing all the cells, running 30 times to average.
(1) Analysis of experimental results:When testing off-line, the length of the path traveled by test droplet using the Employed PSO is 607 units. Using the standard particle swarm algorithm, the length of path is 629 units. The optimization rate is 3.49%. In the case of online test, when the test object is a direct-addressing chip, the length of the path traveled by the method in this paper is 616 units. Compared with the standard particle swarm algorithm (636 units length), the optimized path length is 3.14%. When the test object is a pin-constrained chip, this article uses the broadcast addressing method for pin assignment, as shown in Figure 5 , the same label pins means that they share the same electrode. Using the algorithm introduced in this paper, the path length of the test droplet is 649 units. The standard particle swarm optimization algorithm takes a length of 672 units. The optimization rate is 3.42%. It can be seen that Employed PSO algorithm can effectively shorten the test path and improve test efficiency. Fault detection route length comparison is shown in Figure  6 . (2) Convergence Analysis: The convergence of Employed PSO and standard PSO under direct-addressing and pin-constrained chips are compared respectively. The convergence curves are shown in Figure 7 . The direct-addressing chip test results are shown in Figure 8 (a) , the Employed PSO converges at 402 generations, and the convergence is 28.7% better than the standard PSO algorithm that began to converge at 689. The test results for pin-constrained chips are shown in Figure 8 (b) . The Employed PSO converges on the 232th generation, while the standard PSO converges on the 572th generation. In contrast, the convergence of the Leading Particle Swarm Optimization algorithm is optimized by 34%. Thus, the convergence of the proposed algorithm is superior to the standard PSO. 
Summary
This work aims at the online fault deteting route optimization for direct-addressing and pin-constrained digital microfluidic biochips. The employed PSO algorithm is used to optimize the path of chip fault detection. The multi-body fluid detection model is used to simulate the experiment. The experimental results are compared with the standard PSO. The results show that the proposed method can effectively shorten the test path and improve the test efficiency for these two kinds of chips, which can provide a reference for the fault detection route optimization of digital microfluidic chips.
